The exposure of low-income countries to natural disasters has a significant impact on food production and food security. This paper provides a framework for assessing a country's vulnerability to food crisis in the event of natural disasters. The paper finds that macroeconomic and structural indicators that are crucial for ensuring the resilience of lowincome countries to adverse external shocks are equally important for minimizing the occurrence of food crisis in the event of natural disasters. 
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I. INTRODUCTION
The frequency of natural disasters in low-income countries (LICs) has increased over time and is expected to increase further with global warming (World Bank (2014) and IMF (2014) ).
2 However, poor infrastructure and scarce resources in LICs limit their capacity to withstand natural disasters. In addition, their economies are generally less diversified, thereby reducing post-shock economic resilience (Laframboise and Loko, 2012 ).
3 At a micro level, natural disasters are likely to have a higher impact on the poorest, given their limited capacity to respond (e.g., via savings and access to credit-see Hallegate and Przyluski, 2010) .
LICs' exposure to natural disasters can have a significant impact on food production and food crisis, the focus of the current paper. Nearly a quarter of damages wrought by natural disasters on LICs are borne by the agricultural sector (FAO, 2015) . In this connection, an understanding of the interplay between the occurrence and the impact of natural disaster on food crises and how the availability of macroeconomic buffers could help to mitigate the impact of such shocks is important. Nonetheless, there has been limited analysis on the role that strong macroeconomic position could potentially play in reducing the vulnerability of LICs to a food crisis. Natural disasters tend to affect domestic production of food and could potentially lead to food crises in the absence of strong macroeconomic positions. Large scale natural disasters often disrupt, if not destroy domestic production. They tend to not only reduce short-term domestic food production, but pose a major risk to future production. Reduced domestic production could be supplemented by imports in the presence of strong external and fiscal positions, thereby avoiding food crisis. While external food assistance could be important, such as the world food program, it has turned out to be insufficient in the context of significant natural disasters. In addition, to protect the poor from the high food prices, occasioned by natural disasters or global developments, governments had adopted a variety of fiscal instrument such as higher subsidies, lower food taxes and tariffs, and scaledup public transfers. The ability of a government to carry out such policy measures would reflect pre-existing fiscal position. In this connection, this paper aims to answer the following specific questions: (i) do natural disasters matter for food crises? and (ii) could strong macroeconomic conditions help to limit the occurrence of natural disasters from evolving into food crises?
A number of existing studies provide the analytical basis for the current paper. Food crisis is perceived in the literature as the probability of an acute decline in food access or consumption often in reference to some critical value. 4 The ensuing vulnerability depends on exposure to shocks and underlying socio-economic variables (Chambers (1989) and Riely (2000) ). Similar to the concept of a growth crisis (see Bal Gündüz (2012 and ), 5 the current paper places emphasis on severe decline in food availability on the basis of which a food crisis episode is identified. Our measures of food availability encompasses the "total quantity of foodstuffs produced in a country added to the total quantity imported and adjusted for any change in stocks that may have occurred since the beginning of the reference period. 6 Multivariate regression analysis and a univariate 'signaling' approach are used to map information from the underlying indicators to form a composite food crisis index. The former method adopts a correlated probit model to determine the probability of a food crisis, which allows correlations among variables, to determine the significance of individual variable, and to ascertain the constancy of coefficients across country groups. The univariate signaling approach involves the use of each indicator to determine food crises separately, thereby identifying thresholds that signal such events with the lowest prediction error, and then averaging the indicators in a summary index. These two approaches are complementary, as the results from the probit analysis guide the selection of variables used in the univariate approach.
This paper develops a food crisis index (FCI) to assess the vulnerability of LICs to food crisis due to the occurrence of natural disasters, focusing on macroeconomic (mainly external and fiscal indicators) and institutional indicators. Results show that the probability of experiencing a food crisis increases for countries with weaker institutions and low food production fundamentals measured by food supply per capita growth trend. Sound policy fundamentals such as low fiscal deficit and high reserve coverage are linked to a lower likelihood of food crisis. The constructed index can be used to assess vulnerabilities to food crisis in LICs over time.
The rest of the paper is organized as follows: Section II presents a succinct review of the literature. Section III provides the methodology underlying the paper. Section IV presents empirical analysis, focusing on probit estimation. Section V presents empirical results from the use of signaling approach. Section VI concludes the paper.
II. REVIEW OF THE LITERATURE
The starting point for our work is empirical methods used in the papers that examined the relationship between the occurrence of natural disasters and overall growth.
7 While most studies use classical regression analysis, Cavallo and others (2010) employ synthetic control methods, and a vast literature uses descriptive case studies. Cavallo and others (2010) found that only extremely large disasters have a negative effect on output both in the short and long term. Skidmore and Toya (2005) found that countries with higher incomes, higher educational attainments, greater openness, more complete financial systems and smaller governments, experience fewer losses from natural disasters. This paper builds on existing studies that examined the impact of natural disasters on agriculture, focusing primarily on food crises. Some studies provide conceptual framework for analyzing a country's vulnerability to food crisis and potential indicators that could help enhance resilience (Capaldo and others (2010) ; Burg (2008) ; and Lucas and Hilderink (2004) ). Other studies have adopted empirical methods to analyze the same issue. Loayza and others (2009) found that in contrast to the weak effects on overall GDP growth, droughts and storms have negative impacts on agriculture, while floods have a positive effect. Sivakumar (2005) explained that the predominant impacts of natural disasters on agriculture are negative. Long (1978) argued that the negative effects of disasters are a powerful partial explanation of the lack of agricultural self-sufficiency in a large number of LICs. The Economist Intelligence Unit (2013) has also created a global food security index, with categories and indicators selected on the basis of expert analysis and consultation with a panel of food security specialists, but covering only about half of the countries in the current paper.
An assessment of food crisis requires paying particular attention to fragile states. Food crisis could potentially increase the risk of conflict (World Bank, 2011) . A majority of fragile states are food importers. Fragile institutions and poor governance help explain why similar external shocks can produce violence in one country but not in another. Developing countries with low government effectiveness experienced more food price protests during the food crisis (2007-08) than countries with high government effectiveness (World Bank, 2011) . This paper, however, brings to sharper focus on the link between natural disasters and food crisis episodes. A quantitative assessment of the relative importance that macroeconomic and institutional factors could play in averting food crisis in the context of natural disasters constitutes a novel perspective in the current paper. The constructed index could usefully serve as an early warning indicator, identifying countries that are vulnerable to food crisis. The availability of such index could help with putting in place appropriate macroeconomic policy response and targeted interventions to avoid food crisis and the attendant economic and humanitarian costs.
III. METHODOLOGY

A. Identification of Large Natural Disasters
Large natural disasters shocks are identified if their impact on the economy is above the norm. Specifically, if the cost of damages in percent of GDP and/or the amount of people affected in percent of the population is above the 50th percentile (i.e., in the right-tail) of the country-specific distribution. Each natural disaster shock is considered only in the first year of its occurrence, resulting in a total of 166 shocks (out of 989 observations).
Comparing the average of people affected and the cost of damages caused by a natural disaster for the upper percentile of the distribution (Figure 1 ), the ratio of people affected by natural disasters in shock episodes, that is natural disasters above the 50 th percentile, is much larger than in non-shock episodes. This suggests that our shock cut-off captures reasonably well severe natural disaster shocks.
B. Identification of the Dependent Variable: Food Crisis
A food crisis is defined as a large drop in daily food supply (crops and livestock) measured in kilocalories per capita. A food crisis occurs when the following two conditions hold: (i) the two year average level of daily food supply per capita after the shock (t and t+1) falls below the pre-shock three-year average; and (ii) year-on-year growth of food supply per capita is negative at time t. All other observations that do not meet these criteria are considered as normal episodes. This definition of a food crisis follows the example of a growth crisis as in DablaNorris and Bal Gündüz (2012 and . This definition identifies severe food crisis events, which not only lead to a negative food supply growth but also alter the level of food supply such that the following two years after the event were substantially below the previous three years. This definition ensures that we are not capturing small one-off events leading to a "random" decline in food supply but serious shocks. In a second step, we match food crises to severe natural disasters. The data span 55 LICs during 1990-2009 period, yielding 1,180 observations. However, the sample shrinks to 45-47 countries, depending on data availability in various estimations. We identify 218 food crisis episodes, but only 42 of these coincide with large natural disaster episodes as defined below. Table 1 shows the median growth rate of food supply per capita for the sample coinciding with natural disaster shocks and distinguishes between food crisis and non-food crisis episodes. The positive median growth number for the overall sample means that not all natural disasters cause a decline in food supply. This is explained by the low probability of a food supply decline within the shock sample of 25 percent. Nevertheless, we observe a statistically significant difference in food supply growth per capita of more than 3.74 percentage points between crisis and non-crisis episodes.
Figure 2 presents the distribution of food supply per capita for crisis and non-crisis episodes. In many cases, the drop in food supply growth (negative value) is also associated with a persistent decline in the level of food supply. This means, that once food supply growth is negative, food supply declines tend to be persistent, there is no quick recovery, a key vulnerability in LICs.
IV. EMPIRICAL ANALYSIS: ECONOMETRIC FRAMEWORK
A. Probit Model
To estimate the effect of various macroeconomic and institutional variables on the likelihood of a food crisis coinciding with a large natural disaster, we apply a binary response model for panel data. By conditioning food crisis episodes on natural disasters, we identify the determinants of the food supply crisis. The panel probit model used in this analysis is specified as:
with the observed outcome of a crisis state, Φ is the cumulative normal density function, is the vector of explanatory variables, and is the vector of coefficients food crisis normal episodes associated with . We estimated the model step-by-step using fixed effect, random effect and the Chamberlain (1982 )-Mundlak (1978 (CM) approach, which is a mixture of the two.
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Fixed effects estimator was rejected, as expected, while the random effect estimator and the CM approach was not. While the results of the random effects estimator and CM approach are broadly the same (similar signs and coefficients), 9 we adopted the CM estimator as it performed better in our estimations. Further, it is more likely that the unobserved country specific variable is correlated with the explanatory variables as unobserved country specific effects are likely to affect Country Policy and Institutional Assessment (CPIA), fiscal balance, reserve coverage, and exchange market pressure index and vice versa.
In line with the literature, we start with a set of 22 potential variables that could explain food crisis (see Appendix Table 3 ). A general-to-specific approach points to narrowing significant indicators to seven variables: These variables are discussed below:

Policy and external variables: These include the ratio of government balance to GDP, reserve coverage (in months of imports of goods and services), and the exchange market pressure index. The latter is a composite index comprising depreciation of the official exchange rate, change in the stock of international reserves (in months of imports of goods and services), and the parallel market premium. The fiscal and external indicators reflect the role of macroeconomic buffers in limiting food crisis.
Weaker fiscal positions and limited external reserves could have negative implications for food availability, not the least of which is the constrained ability to import food. The inclusion of change in export prices and growth in trading partners (weighted by lagged exports to GDP) is meant to capture possible vulnerability to trade-related shocks and the associated impact on income earnings.
Structural and institutional variable (two indicators):
These include the World Bank's CPIA 10 , and the country-specific average of food supply per capita growth over the sample period (measured in kilo calories). The latter is an approximation for cross-country differences in underlying structural and institutional conditions, capturing shock amplifiers such as efficiency of food production and importation, distribution, and marketing. The quality of institution could be important for averting a food crisis that could potentially arise from the occurrence of natural disasters. Weak institutions could entail poor administrative quality, leading to inability to 8 A random effects (RE) probit model treats the individual specific effect, , as an unobserved random variable with | ~IN if an overall intercept is excluded, and imposes independence of , and . A fixed effects (FE) probit model treats as parameters to be estimated along with ., and does not make any assumptions about the distribution of given . In short panels, this can be problematic as both , and . are inconsistently estimated owing to an incidental parameters problem. Finally, a correlated model relaxes independence between and using the Chamberlain (1982 )-Mundlak (1978 device under conditional normality. In this specification, the time average is often used to save on degrees of freedom. 9 Results are available upon request. 10 The World Bank's CPIA is a broad indicator of the quality of a country's present policy and institutional framework. It is based on 16 criteria which are grouped into four clusters: economic management, structural policies, policy for social inclusion and equity, and public sector management and institutions.
ensure that regions with food shortage in the context of a natural disaster have adequate access to food in a timely fashion.
All explanatory variables are lagged by one year, except for the variables capturing exogenous shocks, and are thus predetermined with respect to the crisis event. Table 2 presents the estimation results of the probit regressions for all 55 LICs (Column 1) and for LICs excluding fragile states. 11 We ascertain if the empirical results differ between fragile and non-fragile states, as the challenge of food crisis is likely to be more pronounced in the former due to weaker institutional framework and comparatively lower macroeconomic buffers.
B. Estimation Results: Benchmark Probit Specifications
Results show the probability of experiencing a food crisis increases for countries with weaker institutions (proxied by CPIA) and low food supply per capita growth trend. Sound policy fundamentals such as a high fiscal balance and reserve coverage are linked to a lower likelihood of food crisis. An increase in exchange market pressure index tends to reduce the probability of food supply crisis. This suggests that exchange rate depreciation and lower international reserves tend to encourage domestic food production, leading to higher exports and income. Positive shocks which increase growth in trading partners decrease the probability of a food crisis, while high export prices increase the probability of such crisis. The latter result could suggest that high export prices tends to be associated with a shift in food supply from domestic to external markets, as return margins are higher due to high export prices. To identify the intensity of natural disasters to cause a food crisis, we add the variable "people affected from natural disaster," which we also use to identify the dummy variable "natural disaster shocks," to the regression (Column 2). While the impact is as expected-the more people are affected by a natural disaster, the higher the probability of a food crisis-the variable, though is not statistically significant. When excluding fragile states (Column 3), CPIA, fiscal balance, and EMPI become insignificant. This seems to suggest that these variables are important mostly for fragile states, indicating that improving institutional frameworks and macroeconomic buffers would be critical to reducing food crisis episodes in this group of countries. Finally, we also estimate the model using a logit approach (Colum 4) and the empirical results are almost identical. It is reassuring that the logit identifies the same variables as significant determinants of food crises as the probit.
11 Fragile states are countries classified as having either weak institutional capacity measured by the World Bank's CPIA score (average of 3.2 or lower) and/or experience of conflict (signaled by presence of a peacekeeping or peace-building operation in the most recent three-year period). This approach is similar to that used by the World Bank and the African Development Bank, differing only in using a three-year average of the CPIA instead of the most recent outturn. Other organizations, using slightly different metrics, define a larger number of countries as fragile (for instance, 50 countries are defined as fragile in the OECD's 2015 States of Fragility Report).
Table 2. Probability of Food Crisis
Source: FAO; World Bank; EM-DAT; IMF WEO and author's calculations. Note: Estimated by a correlated pooled probit model with cluster-robust standard errors. Significant at 10 percent *, 5 percent **, 1 percent ***, standard errors are in parentheses.
Due to the non-linearity of the model, coefficients shown in Table 2 cannot be interpreted directly. Therefore, we estimate marginal effect to present the relative impact of each variable (see Table 3 ). The estimated coefficients highlight the relative importance of each variable on the likelihood of a food crisis. In Table 3 , we show the average marginal effects for the average, median and weak performing country as represented by countries in the lower quartiles of the distribution. According to these results, structural variables such as average food supply per capita and CPIA predict best a food crisis. Furthermore, these variables gain even more prominence for countries with weaker macroeconomic and structural fundamentals (column 3) when compared to the median country (column 2). This suggests that improvements in structural fundamentals related to the production of food 
C. Goodness of Fit of Probit Model
Analyzing the distribution of in-sample and out-of-sample predicted probabilities in case of a food crisis and non-food crisis allows an assessment of the "goodness" of fit of the probit model. Table 4 shows that there is a distinct difference in the distribution for food crisis and non-food crisis episodes. The dispersion of the predicted probabilities in the [0,1] interval indicates that the empirical model is able to distinguish between different states. The more dispersed the predicted probabilities are, the more informative is the underlying model. The median predicted probability for a food crisis is 0.38 against 0.10 in normal times.
To better analyze the goodness of fit, the predictions of the model are tested against out of sample data. To do this, we estimate the model for 1990-2004 and calculate the predicted probabilities for the remainder of the data 2005-2009 (see Table 4 ). When applying the threshold probability of 0.19 (as estimated for the overall sample), the model identifies correctly seven out of 10 crises. False alarms are given in 31 percent of the non-crisis episodes that is, 11 out of 35 non-crisis episodes were misspecified as a crisis. Admittedly, the performance of the out of sample is slightly worse than the in-sample, which is likely related to the low number of crisis observation.
Robustness Check
To check the robustness of our results, we test if our model specification holds when we are not restricting the sample to natural disaster shocks only. This means, we estimate if the explanatory variables identified in Table 2 are able to predict a food crisis which could have been caused by anything not only natural disasters. In this robustness test every food decline episode (151) is regressed on the aforementioned variables. Table 2 in the Appendix shows that results remain broadly unchanged in this general specification, as most variables remain significant except for reserves and the exchange market pressure index. This also proves that our results generally hold independent of our definition of natural disasters in Section II B.
V. EMPIRICAL ANALYSIS: SIGNALING APPROACH
A. Methodology: Signaling Approach
The first part of the empirical analysis, based on the probit model, focuses on identifying the major determinants of food crises. The probit estimation performs well in identifying a food crisis. In a second step, the results from the probit estimation form the basis for the signaling approach. Using the signaling approach (IMF, 2011), we estimate for each indicator (separately) the threshold which indicates food supply risk. This is done by differentiating between a crisis and non-crisis episode for each indicator. Should one indicator breach this threshold, the model signals upcoming food crisis. An optimal threshold balances Type I (i.e. missing a crisis) and Type II errors (i.e. false alarm). Thus a low threshold results in more false alarms (larger Type II error) while a high threshold increases the probability of missing a crisis (larger Type I error).
A signaling variable, , can be defined as follows: with referring to an indicator variable i, which is monotonically increasing with the probability of a crisis. T i represents the threshold value identified for . In this paper, we use the minimization of the total misclassification error (TME) method to determine the threshold value T for each indicator variable. Using this method, each threshold T can be expressed as the sum of Type I and Type II error:
TME(T) .
The optimal threshold, T*, is derived by minimizing TME(T). The overall index is then calculated by weighting each indicator by its predictive power. This is done in two steps. First, variables are grouped into three clusters: (i) overall economy and institutions; (ii) external sector; and (iii) fiscal sector. Each indicator in this cluster is assigned a weight based on its predictive power. Second, each cluster receives a weight based on its predictive power compared to the other clusters. These weighted clusters are summed up to a vulnerability index:
where is the weight of each individual indicator in cluster c, with estimated as the weight of the group, and is a dummy variable that takes the value of 1 if the indicator is above (below) the threshold and zero otherwise.
B. Results: Signaling Approach
The analysis uses 12 variables, based on the results from probit regressions above and a number of variables considered in the literature as main determinants of food supply decline: share of agriculture in total GDP; life expectancy; population growth; government tax revenue and government debt.
12 Table 5 shows the composition of the food decline vulnerability index (FDVI) and information on performance of individual indicators grouped by the three clusters: overall economy and institutional sector, external sector, and fiscal sector. The overall economy and institutional sector cluster comprise the CPIA index, life expectancy, food supply growth average, agricultural value added, and population growth. The second cluster includes reserves coverage, the EMPI index, and the exogenous shocks to external demand and export prices. The third cluster includes government balance, tax revenues, and public debt. Except for the two exogenous shocks and average food supply, all variables are lagged by one period. 12 This approach accommodates differences in data availability across countries and allows for the inclusion of a potentially larger number of vulnerability indicators than the multivariate regression method.
if otherwise
For each indicator, the first two columns in Table 5 show the food crisis and non-food crisis observations. A total of 42 food crisis episodes were found to match with the occurrence of natural disasters. 13 The third column presents the estimated thresholds followed by the corresponding Type I and Type II errors (columns 4 and 5). The weight of each indicator in the overall FDVI is shown in column 6. The top predictor of food crisis is the overall economy and institutional sector (responsible for more than 40 percent of the index weight). In this sector, food supply average growth has the highest weight followed by life expectancy and agricultural value added. The external sector has a weight of 34 percent and the fiscal sector has a weight of 24 percent. The overall index threshold (0.35) is derived by minimizing an asymmetrically-weighted loss function which puts more weight on Type I errors (missing a crisis). To assess the ability of the overall food decline vulnerability index and its subcomponents to provide early warning signals, we estimate univariate probit regressions for the FDVI (Table 6 ). Table 6 shows the distribution of the predicted probabilities for the overall index as well for its subcomponents. The predicted probabilities for the overall index are well 13 In the overall sample, 42 food decline episodes were found. However, Table six only reports the crisis episodes which coincide with the data availability of each variable. Therefore, the number of crisis episodes varies for each variable between 20 (for government debt) and 42 observations (for government balance). distributed; better than any of its sub-components. The more dispersed distribution of the economy and institutions index provides evidence to assigning a higher weight to this cluster. In the same regard, a slightly higher weight should be given to external sector cluster when compared to the fiscal index. Table 7 presents the distribution of food decline vulnerability index for crisis and normal episodes. The predicted vulnerability index for a food supply crisis around the median is 0.51 against 0.33 for normal episodes. Most of the food crisis events (75 percent) have a food decline index higher than 0.49 and only 10 percent of food crisis episodes report an index below 0.10. Concerning the evaluation of the in-sample performance, the index correctly calls 88 percent of the food crisis events with an overall model misclassification error (sum of Type 1 and Type 2 error as percent of total observation) of 37 percent. To distinguish between moderate and low probabilities of a food supply crisis, we select another threshold of 0.21. At this threshold, less than 10 percent of food supply crisis are missed while false alarms increase to about 73 percent. 
D. Assessment of Vulnerabilities since 1990s
Figure 3 shows the development of the FDVI since the 1990s. 14 As can be seen from the chart, the index increased sharply in 1995 before it declined again in 1997. After that it has steadily increased until 2003 where it reached its peak. As can be seen from Figure 1 in the Appendix, which shows the performance of the underlying variables within the FDVI, the sharp increase in the mid-nineties was mainly caused by high changes in export prices, pressure on the exchange rates and to some extent high fiscal deficits. These three variables together with CPIA and population growth were also driving the steady increase of the FDVI since 1997 until it reached its peak in 2003. During this time, many LICs experienced also an increase in the frequency of natural disasters (see Figure 4) . After 2003, with the decline in the frequency of natural disasters, food supply vulnerabilities have receded as well on account of lower vulnerabilities in agricultural production, lower fiscal deficits, higher reserves, and receding pressure on their exchange rates reaching their lowest point in 2013 with a notable outlier in 2009. The outlier in 2009 was caused by a sudden drop in export prices and pressures on the exchange rate.
14 We use the overall index threshold 0.35 (see Table 5 ), which we obtained from minimizing an asymmetrically weighted loss function which puts a higher weight on Type I errors (missing a crisis), to distinguish between high and medium food supply risks. This threshold corresponds to a Type I error of 12 percent. To differentiate between medium and low risk, we select an index threshold from the minimization function which corresponds to a Type I error of 8 percent. Looking ahead and disaggregating the index in country groups, we see that Fragile States are more prone to a decline in food supply (see Figure 5 ). While the share of Fragile States with high risk countries is not increasing in 2015, the share of countries with a medium risk rating is edging up. The share of medium risk rated countries is increasing in 2015 partly due to higher vulnerabilities in previously low risk rated countries but also due to a decrease in vulnerabilities in high risk rated countries. For 2016 the FDVI projects a substantial increase in food insecurities with high and medium risk rating increasing across the board.
VI. CONCLUSIONS
The exposure of LICs to natural disasters has a significant impact on food production and food security. An understanding of the interplay between the occurrence and the impact of natural disaster on food crisis and how the existence of macroeconomic buffers could help to mitigate the impact of such shocks is important. This paper fills a very important gap in the literature, by focusing on the potential role that the availability of macroeconomic buffers could play in limiting the occurrence of food crisis associated with natural disasters. We recognize that all potential indicators that could impact on food crisis have not been incorporated, reflecting the dearth of relevant data. 
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Sources: Authors' calculations. This paper provides a framework for assessing a country's vulnerability to food crisis in the event of natural disasters. Two complementary approaches (multivariate regression analysis and a univariate signaling approach) have been used to map information from the underlying macroeconomic and institutional to form a composite food crisis vulnerability index. The paper finds that macroeconomic and structural indicators that are crucial for ensuring the resilience of LICs to adverse external shocks are equally important for minimizing the occurrence of food crisis in the event of natural disasters. Results show the probability of experiencing a food crisis increases for countries with weaker institutions and low food supply per capita growth trend. Fragile States are found to be more prone to food crises episodes.
A country's ability to avert a food crisis in the context of a large natural disaster could depend on pre-existing macroeconomic conditions. Aside from this, actions are needed to secure supplementary buffers through insurance schemes, such as self-insurance via contingency reserves, and rapid access to disaster support lines from donors, while also freeing up resources for disaster preparedness. LICs that are particularly vulnerable to natural disasters and food production shocks should seek to lower trade barriers and improve road networks to create a larger regional market and allow a faster and more efficient response to localized food shortages. 
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